Background: In an era of short inpatient stays, residents may overlook relevant elements of the differential diagnosis as they try to evaluate and treat patients. However, if a resident's first principal diagnosis is wrong, the patient's appropriate evaluation and treatment may take longer, cost more, and lead to worse outcomes. A diagnostic decision support system may lead to the generation of a broader differential diagnosis that more often includes the correct diagnosis, permitting a shorter, more effective, and less costly hospital stay.
Introduction
Case-based payment systems for hospitals such as Medicare's Prospective Payment System create strong financial incentives for short stays and limited inpatient testing. Residents tell us they are aware of these incentives. Residents admitting patients are anxious to develop a working diagnosis, confirm the diagnosis as rapidly as possible, treat the patient until stable, and then discharge the patient for further care as an outpatient. However, a rapid pace can discourage the contemplation of the condition of newly admitted patients, even though admission is often the time when such contemplation can be most useful. Lack of time to consider a differential diagnosis, especially for the elderly, complex patients who make up an increasing percentage of our inpatient services, can lead to an incomplete differential diagnosis and, from there, premature closure on an incorrect diagnosis. An incorrect diagnosis can increase costs and length-of-stay while reducing quality of care, a doubly undesirable outcome. An adequate differential diagnosis is a way to avoid premature diagnostic closure (PDC). Keeping several diagnoses in mind makes it easier to change a working diagnosis that is becoming less plausible as a patient's evaluation progresses. Having a differential diagnosis reduces the temptation to interpret the data to fit a single diagnosis to which the resident may have become attached.
Computerized decision support systems may help residents generate a more thorough differential diagnosis. DXplain is one of these systems. It is a computer-based medical education, reference, and decision support system ("expert system") that has continued to evolve since its initial development in the mid-1980s by the Laboratory of Computer Science at Massachusetts General Hospital [1, 2] . DXplain has characteristics of a decision support tool, a medical reference system, and an electronic medical textbook. As a decision support tool, it uses an interactive format to collect clinical information and then uses data on the crude probabilities of about 5000 clinical manifestations (history, examination findings, laboratory and imaging data) to generate from the manifestations present in a patient a differential diagnosis ranked by probability of the diagnosis. The data base is continuously updated and the system uses a modified form of Bayesian logic along with numerous heuristics to produce its differential diagnosis. DXplain also lists other findings that would support a diagnosis if present and those entered by a user not usually found in a disease. As a medical textbook and reference, DXplain provides a comprehensive description and selected references for more than 2200 different diseases, emphasizing the signs and symptoms present in each disease, the etiology, the pathology and the prognosis [3, 4] . DXplain has been used by thousands of physicians and medical students for clinical assistance over the last twenty years. Ten years ago, the Laboratory of Computer Science began to make DXplain available over the Internet to hospitals, medical schools, and other medical organizations [5] .
How can an expert system help? A first-year medical resident, not yet an experienced clinician, may admit 5 patients, some of whom are diagnostically challenging, in 24 h while being responsible for up to 30 inpatients at night. The resident may have little time to read about or consider the differential diagnoses for the newly admitted patients. Using an expert system may help a resident generate an adequate differential diagnosis quickly and easily while also teaching medical knowledge and diagnostic strategies that may be useful for future patients. Faculty can also glean teaching points from the differential diagnoses generated by the expert system.
We undertook this exploratory study to see if the use of DXplain as a clinical decision support system has the potential to decrease the cost of care for diagnostically challenging cases as compared with usual practice on General Medicine services in a teaching hospital as compared with usual practice.
Computer-based Diagnostic Decision Support Systems
As early as 1959, Ledley and Lusted suggested that computers could help doctors in the diagnostic process [6] . Many papers appeared showing the accuracy of medical diagnosis by computer, generally in a very limited field such as thyroid disease or congenital heart disease. Few of these early systems were used outside the environment of their developers due to their limited knowledge bases, poor user interfaces and the many obstacles to sharing computer systems in the time period of the early 1960's. In the current environment of the Internet and widespread availability of personal computers, the potential for routine use of decision-support systems to assist health professionals in the diagnostic process has become reality.
Tim de Dombal at the University of Leeds created the first abdominal pain diagnosis program based on Bayesian probability theory. The system differentiated between appendicitis, diverticulitis, perforated ulcers, cholecystitis small-bowel obstruction, pancreatitis and non-specific abdominal pain using data acquired from thousands of patient presentations [7] . Ted Shortliffe while at Stanford University developed a program named MYCIN which provided consultation regarding the empiric antibiotic management of infectious diseases [8] . MYCIN used production rules consisting of conditional statements that took the form of If/Then statements (e.g. If the location of the infection is the meninges and the patient is of an age range 15-55 Then the likely organisms causing the infection are Streptococcus Pneumoniae, etc) [9] . This methodology falls under the general computer science category of artificial intelligence [10] .
Homer R. Warner at the University of Utah created the HELP system which was an integrated hospital information system with associated decision support [11, 12] . The HELP system incorporated a complete electronic medical record with a hospital information system. The rules in the HELP system were written in a preprescribed fashion and this syntax eventually became standardized as the Arden Syntax [13] . Each complete rule set is named a medical logic module and each such module has its own conclusions [14] .
Randy Miller and Jack Myers created the quick medical reference (QMR) which was developed as a diagnostic decision support system for general medicine [15] . QMR was employed at the University of Pittsburg as a consult service which functioned under the model that a physician with a computerized clinical diagnostic decision support system was more effective at making diagnoses than the physician alone [16] . In QMR manifestations are associated with diagnoses and the positive association of these manifestations are graded by their frequency of occurrence and by their evoking strength (i.e. how often should one think of this diagnosis if one notes this particular manifestation). Manifestations and diagnoses are graded by their importance and this information is used with the weightings to provide a ranked list of diagnoses for a given set of manifestations [17] .
DXplain, a computer-based medical education, reference and decision support system, was developed in the early 1980's by the Laboratory of Computer Science (LCS) at Massachusetts General Hospital (MGH) [18, 19] . DXplain has the characteristics of an electronic medical textbook, a medical reference system and a decision support tool. In the role of a medical textbook, DXplain can provide a comprehensive description and selected references for over 2300 different diseases, emphasizing the signs and symptoms that occur in each disease, the etiology, the pathology, and the prognosis. As a decision support tool, DXplain uses its knowledge base of the crude probabilities of approximately 5000 clinical manifestations (History, PE findings, Lab data, X-ray data and elements of the past medical history) and generates from it a differential diagnosis [20, 21] associated with individual diseases. The system uses an interactive format to collect clinical information and makes use of a modified form of Bayesian logic to produce a ranked list of diagnoses that might be associated with the clinical manifestations. DXplain uses this same knowledge base and logic to list other findings that, if present, would support a particular disease, and also lists what findings entered by the user are not usually found in a particular disease. The system also provides references and disease descriptions for each of the diagnoses in its database [22] .
Over the past sixteen years DXplain has been used by thousands of physicians and medical students. Nine years ago, LCS began to make DXplain available over the Internet to hospitals, medical schools, and medical organizations [5] .
Methods
The study was conducted on the General Medicine services at Saint Mary's Hospital, a 1200 bed hospital operated by the Mayo Clinic in Rochester, Minnesota. The control period was April-September 2000. Information on length of stay, charges, and cost of care was collected on "diagnostically challenging" cases. From October 2000 to March 2001, DXplain was made available to residents doing month-long rotations on the 5 General Medicine services. First-year residents attended a presentation on DXplain and were encouraged to use it for cases they considered "challenging". They could use the results found from DXplain to expand differential diagnosis or to discuss diagnostic and treatment strategy with a supervising resident or the attending physician. Supervising third-year residents also attended the presentation on DXplain and were encouraged to ask their first-year residents about their use of DXplain. We allowed a 3-month run-in (October-December 2000) after DXplain was first introduced to allow residents to become familiar with using the program before beginning our "intervention period" of January-March 2001. Our study period consisted of the control period and the intervention period.
Some residents may have done rotations on General Medicine services in both the control and intervention periods, but residents would not have done more than one rotation during the intervention period. Resident rotations were determined by the residency program and were not influenced by the investigators.
We required residents to use individually identifiable passwords so we could record how often residents signed on to the system. We did not record patient identifiers or how many cases were entered by each resident in a session.
Two Mayo Clinic general internist faculty members who were unaware of the study hypotheses retrospectively examined the Diagnosis-Related Groups (DRGs) assigned to admissions during the study period and divided them into "diagnostically challenging" (e.g. DRG 179-inflammatory bowel disease) and "not diagnostically challenging" (e.g. DRG 236-fractures of the hip and pelvis). For most cases, clinicians do not need an expert system to diagnose a hip fracture. The two physicians agreed on all assignments. We compared total charges, Medicare "Part A" charges, and total costs from admissions in diagnostically challenging DRGs in the control period to those in the intervention period.
We used the Mayo Clinic cost accounting system to calculate costs and charges. Mayo Clinic has a cost data warehouse that allows accurate determination of the costs of providing services to patients, using standard cost accounting procedures. These costs are described in "real" dollars from a constant time base. Because costs and charges were not normally distributed, we used a logarithmic transformation to estimate the mean differences in costs and charges (i.e. savings from the intervention). We estimated the mean total decrease in costs and charges by applying the percentage change implied by the mean log difference to the mean costs and charges during the control period. Charges and costs in the intervention and control periods were compared using the rank sum test. We calculated a two-tailed p value for the rank sum results and considered a result of 0.05 or less as significant.
Results
During the intervention period residents used DXplain 323 times. Eleven entries were specified as "hypothetical". We did not require that residents use individually identifiable passwords, and therefore we could only record how often residents signed on to the system. We did not record patient identifiers or how many cases were entered by each individual resident. As logons were by session and not case we did not record how many cases were entered during each Explain session. 1173 cases were identified as being in the "diagnostically challenging" DRGs during the control period and 564 during the intervention period, representing about 190 cases a month. Control period costs and charges are in Table 4 . The mean total charges per case fell from $12,684 in the control period to $11,403 in the intervention period while Part A charges fell from $10,422 to $9390 as noted in Table 5 . Costs fell from $8318 to $7328. This represents a 10% drop in charges and a 12% drop in costs (see Tables 3 and 6 ). These differences are statistically significant as noted in Tables 1 and 2 .
Table 1 -Statistically significant improvements were seen in the DXplain group for Total charges, Part A Charges and Part B Charges as well as for total cost.

Charges Significance
For total charges p = 0.0056 Part A charges p = 0.0058 Non-A charges p = 0.0136 Total costs p = 0.0012 Using the rank sum test we tested the significance of the cost and charge reductions seen in the intervention group using DXplain.
The confidence intervals for the differences in means on log scale were:
These were then transformed to relative reductions in charges/costs. This translates into a mean reduction in charges and costs with the confidence intervals as provided in Table 3 . Table 4 shows the costs and charges for the control group. Table 5 compares the costs, charges, Part A charges and length of stay between the intervention and control groups. Table 6 represents the differences between the intervention and control groups for charges, costs and Part A charges. 
Discussion
In this exploratory study, costs, charges, and length of stay decreased for diagnostically challenging cases when residents had access to the decision support system DXplain compared to the control period without DXplain availability. We recognize this is correlative and does not prove causation. However, we believe the access to DXplain is the most likely explanation for the decrease, as there were no other changes we believe could account for these decreases. While these decreases may have been due to improved clinical skills of the residents, as the intervention period was equally later and earlier (3 months earlier averaged with 3 months later) in the academic year than the control period, and we did not see such changes in comparable time periods in other academic years; also the average level of experience was identical in the intervention and control periods. The case mix did not vary substantially between the control and intervention periods. It is possible, though unlikely, that there was substantial variation in the acuity of cases within DRGs between the control and the intervention periods. How could the use of DXplain have helped to reduce the cost of care? We believe it may be by helping residents to generate a broader differential diagnosis list, more often including the correct diagnosis, in the minds of physicians caring for a patient. It may seem paradoxical that evaluating a patient with several diagnoses in mind may be cheaper than doing so with only one until considering how expensive it is to have a single but incorrect diagnosis. Also, the ranked differential diagnosis provided by DXplain may focus a clinical team on evaluating the more plausible diagnoses first, which we believe will usually get to the correct diagnosis quicker and at less cost. This will also improve quality of care. The use of the system did represent a time commitment on the part of the residents however they were uniformly happy with the interaction and felt that it was time well spent [23] . Costs per case averaged $990 less in the intervention period than in the control period for a savings of $558,360 for the 564 diagnostically challenging cases seen in 3 months. This would mean that over a year, assuming there would be this many diagnostically challenging cases each quarter, savings on the General Medicine services might be over $2,250,000. Although a lower percentage of cases on other internal medicine services would be considered diagnostically challenging, the annual savings for the internal medicine patients at Saint Mary's Hospital might exceed $4,000,000. While this is only a small fraction of the total cost of caring for internal medicine patients at Saint Mary's, the savings would go directly toward the operating margin for such patients. That operating margin is small and $4,000,000 a year would be a substantial resource for our institution. As payments for cases are capitated under its DRG, the decrease in Part A charges would not count against the $990 gain associated with each diagnostically challenging case. Instead the drop in Part A charges explains the savings by showing that on average less billable service was provided to the intervention group.
Access to DXplain was provided at no charge for this study by Massachusetts General Hospital. The annual cost for an unlimited-use license for an institution the size of Mayo Clinic is $4000-$6000 a year. This return on investment may seem too good to be true, but may be real if using the decision support system leads to a substantial and systematic improvement in patient care. While further studies are needed to see if similar savings could be obtained in other settings, if these results could be generalized nationwide, savings for Medicare patients alone could approach $100 million annually.
We believe clinical decision support systems such as DXplain can facilitate resident education in the hospital. Residents now do much of their work using a computer, so it would be a small step to integrate a high-powered, user-friendly diagnostic clinical decision support system into the routines of admitting residents. It should at least expand their differential diagnoses while providing the "just-in-time" learning thought an appropriate educational method for adult learners. The system may be particularly useful with resident workhour restrictions that has led to reduced time to read and often to decreased time with faculty. The system may complement the traditional faculty role by encouraging residents to interpret clinical data in the context of additional diagnoses.
CDSS alerts have been a challenge to healthcare organizations and to clinical practice [24] . Our study shows an alternative way to think of using computer based decision support to improve the value associated with our clinical practice.
By helping trainees with differential diagnoses, a clinical decision support system may free faculty to focus on other important issues, such as management of existing problems, appropriate use of laboratory testing and imaging studies, and how to use consulting services. Faculty can also review the system's differential diagnosis to help address how to prioritize diagnoses and how well this patient's clinical data fit each of the suggested diagnoses.
Limitations
There are several limitations in our study. The study was conducted at one hospital. DXplain may not have been used for all diagnostically challenging patients. We did not study outcomes of patients in the intervention period compared to those of patients in the study period, or look at comparative outcomes for patients where DXplain was used versus those where it could have been used but was not. Further studies at multiple centers could address some of these limitations. We used historical controls, half with more experience and half with less than the intervention group, rather than concurrent controls to avoid contamination between control and intervention groups and because we believed case mix, acuity, and average trainee skill level would not differ substantially between the control period and the intervention period.
Summary
Costs and charges for diagnostically challenging cases decreased significantly after medical residents were given access to DXplain and encouraged to use it to help with developing a differential diagnosis for newly admitted patients. These results, though preliminary, suggest clinical decision support systems may help trainees manage inpatient admissions more efficiently. There may also be educational benefits to trainees and faculty who use a decision support system. Further studies are needed to show that our results are reproducible in other settings, to show outcomes are improved by using such a system, and to understand how using a decision support system changes resident thinking and behavior. Expert systems such as DXplain can be useful knowledge sources for clinicians. There is more and more clinicians are required to know every day, so the need for tools to deliver high quality, patient-specific information just when it is most useful continues to grow. As the era of personalized medicine grows closer, clinicians must become comfortable in the role of knowledge seeker. Informatics specialists must produce methods and tools to assist busy clinicians in their efforts toward best practices.
Summary points:
What is currently known:
• Clinical Decision Support Systems (CDSS) such as DXplain can be used by trainees and junior staff to expand their differential diagnoses. • That DXplain is generally well accepted by residents.
• That DXplain is at least as good at constructing a differential diagnosis as other major clinical decision support systems.
What is known after publication of this article:
• CDSSs can decrease costs in the hospital setting.
• Residents benefit from diagnostic decision support.
• The benefit is not strictly from a reduction in high cost test ordering. • The benefit is not strictly from a reduction in length of stay.
• CDSS systems should be integrated into intelligent
EHRs in order to provide the most accessible service.
